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A B S T R A C T
Small area health data are not always available on a consistent and robust routine basis across nations, ne-
cessitating the employment of small area estimation methods to generate local-scale data or the use of proxy
measures. Geodemographic indicators are widely marketed as a potential proxy for many health indicators. This
paper tests the extent to which the inclusion of geodemographic indicators in small area estimation methodology
can enhance small area estimates of limiting long-term illness (LLTI). The paper contributes to international
debates on small area estimation methodologies in health research and the relevance of geodemographic in-
dicators to the identiﬁcation of health care needs. We employ a multilevel methodology to estimate small area
LLTI prevalence in England, Scotland and Wales. The estimates were created with a standard geographically-
based model and with a cross-classiﬁed model of individuals nested separately in both spatial groupings and non-
spatial geodemographic clusters. LLTI prevalence was estimated as a function of age, sex and deprivation.
Estimates from the cross-classiﬁed model additionally incorporated residuals relating to the geodemographic
classiﬁcation. Both sets of estimates were compared against direct estimates from the 2011 Census.
Geodemographic clusters remain relevant to understanding LLTI even after controlling for age, sex and depri-
vation. Incorporating a geodemographic indicator signiﬁcantly improves concordance between the small area
estimates and the Census. Small area estimates are however consistently below the equivalent Census measures,
with the LLTI prevalence in urban areas characterised as ‘blue collar’ and ‘struggling families’ being markedly
lower. We conclude that the inclusion of a geodemographic indicator in small area estimation can improve
estimate quality and enhance understanding of health inequalities. We recommend the inclusion of geodemo-
graphic indicators in public releases of survey data to facilitate better small area estimation but caution against
assumptions that geodemographic indicators can, on their own, provide a proxy measure of health status.
1. Introduction
Small area data on the prevalence of poor health are needed to plan
health services and assess the quality of care. Such data are not always
available on a consistent and robust routine basis across nations, ne-
cessitating the employment of small area estimation methods to gen-
erate local-scale data, or the use of proxy measures. Both approaches
have ﬂourished globally in recent years. Small area estimation has been
used to identify health needs in the US (eg. Berkowitz et al., 2016),
Australia (eg. Gong et al., 2012), the UK (eg. Twigg et al., 2004) New
Zealand (eg. Smith et al., 2011), India (eg. Hirve et al., 2014) and many
other countries. Alongside small area estimates, numerous geographical
indices have also emerged, purporting to proxy health needs. These
often build on research into health inequalities. Examples include the
Index of (Multiple) Deprivation and its health domain in England
(Morse, 2014; Noble et al., 2006) and analogous reformulations else-
where in the United Kingdom, all building on the early examples of the
Jarman, Carstairs and Townsend indices (Carstairs and Morris, 1989;
Jarman, 1983; Townsend et al., 1988). Elsewhere, the NZDep index and
a more recent health-focused measure have emerged in New Zealand
(Atkinson et al., 2014; Exeter et al., 2017; Salmond et al., 2006), and
similar national and local indices are evident in Canada (Bell et al.,
2007; Pampalon et al., 2010, 2012) and many other countries.
Geodemographic indicators are another potential proxy for health
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needs. With origins eﬀectively in the 1970s but with earlier ante-
cedents, and widely used in marketing, geography and planning, geo-
demographic indicators, like multiple deprivation measures, describe
and classify people according to the type of area within which they live
(Harris et al., 2005). Input data are usually sourced from the census but
may often be combined with survey information on consumer and
lifestyle behaviour. Intuitive labels (e.g. ‘Suburban Achievers’, ‘Ageing
Rural Dwellers’, ‘Migration and Churn’) are a hallmark, attempting to
typify the population in each location based on distinguishing, rather
than majority, characteristics. Geodemographic typologies are available
in many countries from national statistics agencies and the commercial
companies. Well known examples include ACORN and the Output Area
Classiﬁcation (UK), PRIZM (US), CAMEO and MOSAIC (multiple
countries), PSYTE (Canada) and geoSmart (Australia).
The key assumption underpinning geodemographic typologies is the
idea that people who live in any one type of area will have similar
lifestyles and retail consumption (and health). Historically, geodemo-
graphics have been widely used in the retail and marketing industry to
allow businesses to diﬀerentiate and target customers (Longley and
Goodchild, 2008). This focus continues to dominate but, increasingly,
there has been a recognition of the potential in the health sector, often
alongside other ‘public sector’ applications in areas as diverse as ﬁre
risk (Corcoran et al., 2013), policing (Ashby and Longley, 2005) and
education (Singleton et al., 2012). These newer applications seek to
foster evidence-based policy and develop interventions in a cost eﬀec-
tive way, but also oﬀer insights on inequality that supplement tradi-
tional approaches based solely on deprivation. The English Department
of Health has highlighted this potential in guidance recommending the
use of ‘Geo-demographic proﬁling to identify association(s) between
need and utilisation and outcomes for deﬁned target population groups,
including the protected population characteristics covered by the
Equality Duty’ (Public Health Development Unit, 2012 pp.10–11).
Commercial geodemographic companies have recognised the opportu-
nities in the health ﬁeld. CACI have developed a specialist health-fo-
cused ACORN typology that ‘delivers an improved understanding of
local communities’ needs and delivers an ability to target health and
wellbeing improvement strategies' (CACI, 2013 p.6).
Although area targeting is a key rationale for commercial applica-
tions of geodemographics in health, many applications have also fo-
cused on understanding place-based health inequalities. Here geode-
mographics are used to gather aspects of area disadvantage and it is
argued that they oﬀer more discriminatory power than indices of
multiple deprivation because of greater multidimensionality (Abbas
et al., 2009); they capture both lifestyle and prosperity (Openshaw and
Blake, 1995). A swathe of literature compares the performance of de-
privation indices and various geodemographic products in explaining
inequalities in a range of health outcomes: sexual health (Sheringham
et al., 2009), colorectal cancer screening (Nnoaham et al., 2010), birth
weight (Aveyard et al., 2002), dental health (Tickle et al., 2000, 2003),
and smoking prevalence (Sharma et al., 2010). Very often, geodemo-
graphic approaches perform better or equally as well as other measures
of area socio-economic disadvantage.
This paper sets out a novel approach to integrating both geodemo-
graphic typologies and proxy measures within a small area estimation
framework, assesses claims about their relative importance, and tests
the extent to which the inclusion of geodemographic indicators in small
area estimation methodology can enhance small area estimates. The
paper contributes to international debates on small area estimation
methodologies in health research and the relevance of geodemo-
graphics indicators to the identiﬁcation of health care needs. We ad-
dress our aims by developing small area estimates of limiting long-term
illness (LLTI) for England, Scotland and Wales, settings where there are
long traditions of both geodemographic typologies and multiple de-
privation measures.
Small area information on morbidity indicators, such as limiting
long term illness (LLTI) are central to geographical comparisons of
health needs (Mooney and Rives, 1978). LLTI is good at identifying
areas of high concentrations of ageing populations, pockets of chronic
illness and revealing those areas characterised by extreme deprivation
(Cohen et al., 1995; Jordan et al., 2000, 2003; Taylor et al., 2014).
Power et al. (2000) argue that as life expectancy increases, dealing with
chronic illness and disability consumes relatively large health and so-
cial services resources, so many countries now routinely collect in-
formation on LLTI. LLTI is also used to examine international diﬀer-
ences in health performance (Lahelma et al., 1994) and monitoring
diﬀerences in health over time (Charlton and Murphy, 1997). In the UK,
a question on LLTI has been included in the census since 1991 and has
been used in national funding models to allocate funding for health
commissioning services (Chaplin et al., 2016). It has also been used to
aid policy formulation and monitoring around population health,
health inequalities and access to health services (ONS, 2010). The
wording of the question is provided in the Data section below.
In the following section, we outline our approach to small area es-
timation, the data used to construct small area estimates, and the sta-
tistical measures used to assess our results. We then present and discuss
our small area estimates of LLTI, highlighting implications for geode-
mographics. A short conclusion summarises our ﬁndings, acknowledges
the limitations of our study and considers implications for policy.
2. Material and methods
In order to assess the utility of geodemographic indicators in the
creation of small area estimates of LLTI, we developed small area es-
timates using two distinct approaches: one with and one without in-
corporation of a geodemographic indicator. The two sets of small area
estimates were then compared to a perceived ‘gold-standard’ set of
comparable data from the UK census.
2.1. Small area estimation
We used the multilevel small area estimation approach developed
by Twigg et al. (2000). This approach has been widely used in sub-
sequent UK health-related research (Moon et al., 2006; Moon et al.,
2007; PHE, 2014; Szatkowski et al., 2015; Twigg and Moon, 2002;
Twigg et al., 2004) and analogous approaches have been used in the US
(Zhang et al., 2014, 2015) and in non-health research (Manley et al.,
2017). It has been positively reviewed in governmental assessments
(Bajekal et al., 2004) and comparative assessments (Berkowitz et al.,
2016; Hirve et al., 2014; Jia et al., 2004). Forming part of a wider
family of statistical approaches to small area estimation, it can be
contrasted with the very diﬀerent geocomputation approaches based on
microsimulation, for which Birkin and Clarke (2012) have already
outlined the potential of geodemographic typologies. The key ad-
vantage of multilevel small area estimation in comparison to other
approaches, both statistical and microsimulation-based, is that it in-
corporates a recognition of the possibility that the general processes
that predict a chosen outcome may vary locally.
The multilevel small area estimation process has been described in
detail in Twigg et al. (2000). In summary, it involves modelling a
survey data set using hierarchical logistic regression. A target outcome
is modelled as a function of individual and area-level covariates that are
co-present in a ‘calibrating’ data set covering all the desired small areas.
An estimated logit at a chosen spatial unit for each group of individual
characteristics (e.g. males aged 16–19) is adjusted by area level logits
and a crucial additional adjustment using residual variance at higher
geographies when the survey data set has respondents in all such
higher-level areas. These adjusted logits are then untransformed to give
a predicted prevalence proportion of the target outcome for each
grouping at the desired small area level. These predicted proportions
are then multiplied by their respective population counts to give the
total numbers of the population within each grouping with the char-
acteristic of interest. The prevalence of the population with the
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characteristic of interest in each small area is then calculated by sum-
ming the group totals and dividing by the small area population total.
To date, multilevel small area estimates have all been derived from
multilevel models deﬁned using a strict hierarchy. For this example, the
initial study by Twigg et al. (2000) had respondents nested within
wards that were then nested within District Health Authorities. Such
simple hierarchies reﬂect geographical groupings and assume a nested
association between levels. In many cases, however, there is much more
complexity in data structures. Goldstein (2011) showed how a basic
two-level spatial multilevel structure of students (level 1) within
schools (level 2) may be extended to additionally incorporate nesting in
the administrative area (level 2) where the students live. Extending
multilevel methodologies to address such structures creates two non-
nested level 2 eﬀects that need to be separated out in order to assess the
eﬀects of both schools and areas on whatever student outcome being
studied.
Zaccarin and Rivellini (2002) suggest that three types of grouping
can underpin these cross-classiﬁed structures: natural groupings,
working groupings and theoretical groupings. The ﬁrst refers to ‘nat-
ural’ neighbourhoods or attributes such as linguistic groups and is
outwith the scope of this paper; data on natural neighbourhoods were
not available and data on natural attributes were component parts of
our selected deprivation and geodemographic measures (see below),
and were thus incorporated separately within the small area estimation
process. The second relates to settings deﬁned by administrative geo-
graphies or locations; schools and administrative areal units fall under
this heading. Theoretical groupings bring together individuals or areas
using attribute data via clusters deﬁned on theoretical grounds. Geo-
demographic typologies come under the banner of a theoretical
grouping. This paper extends multilevel small area estimation by using
a cross-classiﬁed multilevel model that combines working groupings
and theoretical groupings. This is a potentially signiﬁcant contribution
as Jones et al. (1998) have suggested that, in the very diﬀerent context
of voting behaviour, greater variation may occur between theoretical
groupings rather than between working groupings.
We compared two models. The ﬁrst used a traditional spatial non-
crossed three-level hierarchy (Model 1). We tested a model with in-
dividuals nested within Middle Layer Super Output Areas (MSOAs) in
England and Wales or their equivalent Intermediate Zones (IZs) in
Scotland, nested within Government Oﬃce Regions. MSOAs/IZs are
oﬃcial data reporting geographies with a mean population of 7787 in
England and Wales, and 2500–6000 in Scotland. The region level
proved superﬂuous, lacking signiﬁcant variance, and was removed. We
therefore report results for a two-level model. The choice of MSOA as
the second level was prompted by the instability of models where in-
dividuals were nested within the smaller Lower Layer Super Output
Areas. Other recent studies have also focused on the MSOA/IZ (Moon
et al., 2017; Taylor et al., 2016). The second model explored the non-
hierarchical cross-classiﬁed data structure, ﬁtting cross-classiﬁed mul-
tilevel models to examine the relative importance of MSOAs/IZs and
geodemographic groupings as sources of variation in the prevalence of
LLTI (Model 2). Individuals within the same MSOAs/IZs could be in
diﬀerent geodemographic groupings.
Both models were initially produced using iterative generalised
least squares with ﬁrst order maximum quasi-likelihood estimation. A
Monte Carlo Markov Chain (MCMC) approach was then used to reﬁne
the model and allow for more robust estimates and standard errors.
Both MCMC models were run through 200,000 iterations, with an in-
itial burn-in period of 50,000 iterations. The dataset was manipulated
into individual and higher-level covariates using IBM SPSS Statistics
version 22 and all multilevel models were computed using MLwiN
version 2.24 (Browne, 2009; Rasbash et al., 2011). The two ﬁnal MCMC
models were used to derive two sets of small area estimates for all 7201
MSOAs and 1279 IZs in England, Wales and Scotland.
2.2. Data
The small area estimation models were developed using data from
the 2011 version of the Annual Population Survey (APS), a major
survey series that aims to provide data that can produce reliable esti-
mates at the local authority level. Access to the data was controlled and
was obtained via the UK Data Service Secure Data Service (Oﬃce for
National Statistics Social Survey Division, 2017). We worked with the
2011 data in order to meet our objective of comparing small area es-
timates with census ‘gold-standard’ data; the last national census was
held in 2011. Full details of the conduct of the APS, measurement of
variables and response rates are given in the APS reports (Social Survey
Division, 2012). Its 2011 sweep interviewed 331,934 individuals living
in private households in Great Britain. We excluded individuals under
the age of 16 (as the focus of the survey module containing the LLTI
question was on individuals of a working age) and individuals aged
75+ (as they were asked a preliminary screening question as to whe-
ther they were too ill or distressed to answer the subsequent questions
on health). Along with non-response, this left 213,001 individuals for
analysis nested in 1520 MSOAs and 52 geodemographic groups.
Our outcome variable was LLTI. This was dichotomised to maximize
concordance between its measurement in the 2011 Census and the APS
(Table 1). In the Census, people were asked to deﬁne if they had any
long-term illness, health problem or disability that limited their daily
activities or the work they could do. If they responded ‘yes, limited a
lot’ or ‘yes, limited a little’ they were coded as having a LLTI. In the
APS, people were asked if they had any health problems or disabilities
they expected to last more than a year. If they responded ‘no’ they were
not coded as having a LLTI. If they responded yes, they were then asked
a subsequent question about whether these problems or disabilities
substantially limited their ability to carry out daily activities. If they
responded ‘no’ they were not coded as having a LLTI and if they re-
sponded ‘yes’ they were coded as having a LLTI.
In the cross-classiﬁed models we used the National Statistics Output
Area Classiﬁcation (OAC) as our geodemographic indicator (Gale et al.,
2016; Vickers and Rees, 2007). This classiﬁcation uses census variables
to identify groupings of census output areas (the smallest census area
unit) with similar demographic, household, socio-economic and em-
ployment characteristics across England, Scotland, and Wales. The OAC
is hierarchical, consisting of three tiers: super-groups, groups and sub-
groups. We chose to work with the third tier of sub-groups to maximize
Table 1
Wording and coding of limiting-long term illness question for 2011 Census and the 2011 Annual Population Survey.
Limiting Long Term Illness Response
2011 Census Are your day-to-day activities limited because of a health problem or disability which has lasted,
or is expected to last, at least 12 months? Include problems related to old age.
No Yes, limited a
little
Yes, limited a
lot
Coding No LLTI LLTI
2011 Annual Population
Survey
Do you have any health problems or disabilities that you expect will last for more than a year? No Yes
Do these health problems or disabilities, when taken singly or together, substantially limit your
ability to carry out normal day-to-day activities? If you are receiving medication or treatment,
please consider what the situation would be without medication or treatment.
No Yes
Coding No LLTI LLTI if yes to second part
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geodemographic variation. We worked with the 2001 OAC classiﬁca-
tion because the 2011 classiﬁcation only emerged well after the 2011
APS had been conducted and we wished to use data available at the
time of the 2011 census. Each individual within the APS dataset was
allocated into one of the 51 OAC sub-groups; data for the 52nd sub-
group (Countryside Communities A) was deleted as, with only two re-
spondents, it destabilised the modelling. As the 51 groups all contained
signiﬁcant numbers of respondents (sample sizes varied from 413 to
15367) it was possible to use the OAC-level residuals from the cross-
classiﬁed models to adjust the small area estimates from Model 2.
Individual-level covariates for the models were constrained by the
provision of cross-tabulated UK census variables, which give individual
count data. Models are usually restricted to a maximum of three in-
dividual-level covariates (Twigg et al., 2000). We worked with age and
sex, drawing an analogy with age-sex standardization. Both the age and
the sex variables were self-reported. Age was grouped into twelve ca-
tegories, those aged 16 to 19 and ﬁve-year bandings up to the age of 74,
and modelled as an orthogonal polynomial (Rasbash et al., 2017) en-
abling substantial model parsimony by reducing the twelve age terms to
one. Both models were tested for interactions between the age and sex
terms.
Because we had secure access, we were able to link additional
MSOA-level variables to the APS. Taylor et al. (2016) have shown that,
for small area estimation, linking in actual area data is preferable to
aggregating individual data to create areal variables. An Index of
Multiple Deprivation (IMD) score was added, calibrated from the Eng-
lish, Scottish and Welsh versions of the IMD using the method of Payne
and Abel (2012). This index ensures that the model takes into account
the strong evidence associating LLTI with multiple forms of deprivation
(Martin et al., 1995). It also enabled us to examine whether geode-
mographic indicators add to the known association of health outcomes
with deprivation measures (Goodman et al., 2011; Sheringham et al.,
2009). The IMD variable was grand-mean centred and tests to assess
cross-level interactions with age and sex were made.
The MSOA estimates from both models were compared with 2011
Census data on LLTI. MSOA Census data for England and Wales were
downloaded from the ONS oﬃcial labour market statistics website
(NOMIS) and information for Scotland was downloaded from the
Scottish Census data warehouse website.
2.3. Statistical analyses
Diagnostic analyses were performed to assess the performance of
the two multilevel small area estimation models. We report the
Deviance Information Criterion (DIC) statistic (Spiegelhalter et al.,
2002) and higher-level random part variance. The DIC is a general-
isation of the more familiar deviance-based measures of logistic model
eﬀectiveness. It is based on the MCMC runs of the model and penalises
the deviance by the number of model parameters and levels, thus
capturing both the ﬁt and the complexity of the model. Models with a
lower DIC are to be preferred and comparisons can be drawn between
models and with null models without predictors (Jones and
Subramanian, 2016). We also consider the random variance at the
MSOA and OAC levels and their implications for residual (unexplained)
variance.
To test for convergent validity of data from the two models against
the 2011 Census, we adopted the methodology outlined by Scarborough
et al. (2009) for validating small area estimates of the risk factors for
coronary heart disease. We plotted MSOA-level small area estimates of
LLTI against Census data for the same target variable, examining var-
iation around the principal diagonal where the two sets of data would
match exactly. Convergent validity would be achieved if a regression
line through the data had a gradient close to one and an intercept
around zero, that is a regression line matching the principal diagonal.
For each model, we diﬀerentiated data points for the countries of
England, Scotland and Wales.
Fig. 1. LLTI and OAC sub-groups.
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3. Results and discussion
To provide an initial insight on the possible association between the
OAC and LLTI we created output area box-whisker plots of LLTI pre-
valence for each of the 52 OAC sub-proﬁles groups, ordered by mean
prevalence (Fig. 1). This shows clearly that LLTI prevalence varies
substantially within each OAC sub-proﬁle group and that the distribu-
tions overlap for all sub-groups. The mean ordering of the sub-groups
also subverts the underlying ordering of classiﬁcation. For example,
sub-groups 2 and 3 both form part of the wider Countryside Commu-
nities group but are not close together in the mean ordering. On the
basis of this preliminary insight, it would seem that the OAC has some
value but may not be a particularly successful way of classifying LLTI
prevalence. Whether or not this poor prognosis applies to small area
estimates at the MSOA level or is aﬀected by controls for age, sex and
deprivation, remains open to question.
Table 2 summarises our data on LLTI in relation to the proposed
model covariates. In total, 44,565 individuals were recorded as having
a LLTI, approximately 21% of the sample population. LLTI prevalence
was higher for people who were female and older. Mean and median
IMD is slightly higher for those individuals who had a LLTI compared to
the rest of the sample population. The diﬀerence for the sexes is rela-
tively small whereas older people are substantially more likely to report
an LLTI. These bivariate associations conﬁrm the established ﬁndings
linking LLTI to age, sex and deprivation (Cohen et al., 1995; Jordan
et al., 2000) and point to the eﬀectiveness of the APS as a representative
source for population-level analysis.
The associations suggested in the bivariate analyses persist as in-
dependent eﬀects in the two multivariable small area estimation models
(Table 3). Consistent with the literature, LLTI is higher for women, at
later ages and in areas characterised by higher deprivation. The eﬀect
for age is strongest. Models 1 and 2 are broadly similar but reveal
important contrasts with respect to the eﬀect of deprivation. This re-
duces substantially in the cross-classiﬁed Model 2 where the OAC is
included as a (random) level. This suggests that deprivation and the
OAC are, to an extent, capturing common ground with regard to asso-
ciations with LLTI. The independent association with deprivation does
however remain strongly statistically signiﬁcant on a Wald Test
(p < 0.01). The random part of Model 2 also conﬁrms that the cross-
classiﬁed model exhibits signiﬁcant unexplained residual variation
between OAC sub-groups, although there is greater variation between
MSOAs. On balance, we conclude that both deprivation and the OAC
are necessary and independent parts of our small area estimation
models.
Table 3 also reports the model summary statistics, indicating overall
model quality. As regularly noted in the literature, small area estima-
tion models are not predicated on their explanatory power as they are
aﬀected by the numerous compromises entailed in their ultimate ob-
jective, that of making small area estimates (Rao and Molina, 2015).
The models reported in this paper are also illustrative and parsimo-
nious, aiming primarily to assess the incorporation of the OAC in the
small area estimation process. Nonetheless, the summary DIC statistics
suggest that both models oﬀer signiﬁcant insights in variations in LLTI.
The two ‘drop’ statistics indicate the reduction in the DIC statistic from
the equivalent measure in a null model with no covariates (not re-
ported). Drops of these magnitudes both point to sound models. The
lower overall DIC for Model 2 suggests that it is, despite its greater
complexity, the stronger model.
Focusing on Model 2, we next examine its implications for varia-
tions in LLTI between OAC groups (Fig. 2). As noted above, we will be
able to incorporate OAC-level variation in small area estimates. Each
OAC sub-group is ranked on the Figure's X axis with the residuals on the
Y axis capturing how each OAC sub-group either overestimates or un-
derestimates the probability that a respondent has an LLTI (above or
below the zero line). Four bars at the extreme right of the graph stand
out (highlighted in red). APS respondents in these OAC sub-groups have
far greater levels of LLTI than expected given their age and sex and the
deprivation of their MSOAs. These sub-groups are blue-collar urban
families a and b, and struggling urban families a and b and their
Table 2
Descriptive statistics of APS sample characteristics.
Variable Total sample (%) Sample with LLTI (%)
LLTI Yes 44555 (20.9%) –
No 168436 (79.1%) –
Sex Male 102514 (48.1%) 20507 (20.0%)
Female 110487 (51.9%) 24059 (21.8%)
Age 16–19 15287 (7.2%) 1119 (7.3%)
20–24 15790 (7.4%) 1356 (8.6%)
25–29 16436 (7.7%) 1483 (9.0%)
30–34 17629 (8.3%) 1952 (11.1%)
35–39 20514 (9.6%) 2866 (14.0%)
40–44 22835 (10.7%) 3930 (17.2%)
45–49 22807 (10.7%) 4582 (20.1%)
50–54 20636 (9.7%) 5304 (25.7%)
55–59 19754 (9.3%) 6190 (31.3%)
60–64 19488 (9.1%) 7101 (36.4%)
65–69 11710 (5.5%) 4363 (37.3%)
70–74 10115 (4.7%) 4320 (42.7%)
IMD Mean 19.78 21.92
Median 17.14 19.66
Standard Deviation 11.38 11.95
Table 3
The Two Small Area Estimation Models; logits (standard errors) and model
diagnostics.
Model 1 (Hierarchical) Model 2 (Cross-Classiﬁed)
Intercept −1.609 (0.010) −1.646 (0.034)
Female 0.128 (0.011) 0.125 (0.011)
Age 2.902 (0.024) 2.954 (0.025)
IMD 1.211 (0.024) 0.649 (0.034)
Random Part
MSOA Variance 0.076 (0.005) 0.120 (0.008)
OAC Subgroup Variance 0.056 (0.013)
Summary Statistics
DIC 198727 197483
DIC Drop 17568 16909
Fig. 2. OAC level residuals from the cross-classiﬁed model, 95% conﬁdence
intervals.
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distinctiveness conﬁrms that there is an urban penalty associated with
LLTI (Zhang et al., 2013). Across the other OAC sub-groups there is
much overlap between the bars, suggesting limited distinctiveness be-
tween sub-groups. Many also overlap zero, indicating that we cannot be
sure if the OAC sub-group is associated with a lower or higher estimate
of the probability of having an LLTI. The sub-groups to the left of the
graph, for which LLTI is less likely than expected given age, sex and
deprivation, are farming and forestry areas, educational centres, and
countryside communities.
The extent to which these model-based ﬁndings play out as small
area estimates depends on the distribution of the covariates (age, sex
and deprivation) and the OAC across all MSOAs/IZs in England, Wales
and Scotland. Fig. 3 compares the small area estimates from Models 1
and 2 with equivalent Census data indicating MSOAs/IZs in England,
Scotland and Wales. The left-hand graph assesses the estimates from
Model 1, the hierarchical model without OAC. A substantial departure
from the principal diagonal line of equality is evident and the small area
estimates exhibit a tighter range than the Census data and tend to be
lower. The restricted range is characteristic of model-based small area
estimates and is a consequence of their focus on ﬁxed part (average)
associations even in multilevel contexts (Twigg and Moon, 2002). The
right-hand graph relates to the cross-classiﬁed Model 2 and presents a
visual improvement. Incorporating consideration of the OAC-level re-
siduals has reduced suggestions of curvilinearity in the association be-
tween the small area estimates and the Census data and brought the
ranges of the two sets of estimates into greater alignment. The small
area estimates remain lower, however, than those from the Census. We
would not expect perfect concordance as the axes on the graphs draw
on diﬀerent data sources and the measurement of LLTI will be inﬂu-
enced by multiple aspects of survey design diﬀering between the APS
and the Census (Moon et al., 2017; Taylor et al., 2016).
These ﬁndings are conﬁrmed in Table 4 by the assessment of con-
cordance between the small area estimates and Census data using the
Scarborough criteria (Scarborough et al., 2009). The cross-classiﬁed
Model 2 exhibits a much higher coeﬃcient of determination; including
OAC residuals in the small area estimation process enables small area
estimates that capture 86% of the variation in equivalent Census in-
dicators. The small area estimates are however clear underestimates.
Neither model has a regression line that comes close to matching the
desired principal diagonal; the cross-classiﬁed model is marginally
closer to this goal but still, on average, produces underestimates. These
tend to be greater, particularly for MSOAs with higher levels of LLTI.
Finally, we consider how the diﬀerences between the MSOA/IZ-
level small area estimates and the equivalent Census data reﬂect spe-
ciﬁc OAC sub-groups (Fig. 4). This plot shows the 95% conﬁdence in-
tervals for the discrepancy between cross-classiﬁed SAEs and the census
by OAC sub-group. OAC sub-groups to the left of the zero line are those
for which the small area estimates of LLTI are lower than the estimates
from the Census. To the right lie OAC sub-groups with small area es-
timates greater than the Census values. As expected, the majority of
OAC sub-groups comprise MSOAs/IZs with small area estimates that are
lower than the corresponding Census values and none are characterised
by MSOAs/IZs that are deﬁnitively higher. A recognition that small area
estimates represent expected values for the chosen indicator and an
assumption that the Census provides a ‘gold standard’ observed value
enables us to interpret this ﬁnding as conﬁrmation that, in the case of
the OAC, MSOAS/IZs categorised as Blue Collar Urban Families and
Struggling Urban Families have more LLTI than expected. This inter-
pretation can also be extended to all types of both Small Town Com-
munities and Suburbia.
4. Conclusions
This paper has used a novel extension to multilevel small area es-
timation methodology incorporating a geodemographic indicator as a
cross-classiﬁcation alongside the more familiar spatial hierarchy of
people nested within geographical settings. We draw three substantive
conclusions. First, the addition of a geodemographic indicator enhances
the quality of small area estimates. Second, geodemographic indicators
have an independent impact on LLTI over and above that associated
with multiple deprivation. Third, if we reject the reiﬁcation of small
area estimates as actual values of a target indicator – a common out-
come when estimates are used to ﬁll gaps in knowledge by providing
information about an indicator that is otherwise not available - and
recast them as expected values that can be compared with a (presumed)
gold standard, areas characterised geodemographically as urban blue
collar or struggling urban families not only have high levels of LLTI,
they also have higher levels than expected.
Our study naturally has limitations that we must acknowledge. The
geodemographics industry is global but our research focuses on
England, Scotland and Wales using the OAC in the development of
Fig. 3. Small area estimates compared with Census data (MSOA/IZ level); Model 1 left, Model 2 right.
Table 4
Small area estimate concordance with Census data; Scarborough criteria.
Model 1 Model 2
R2 0.59 0.86
Regression Lower 95% CI Upper 95% CI Lower 95% CI Upper 95% CI
Intercept −12.07 −11.07 −0.62 −0.25
Slope 1.33 1.38 0.77 0.79
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small area estimates of LLTI. Conclusions about the utility of geode-
mographic indicators may not necessarily be the same with other
geodemographic indicators or with other outcomes or in other settings.
We have however proceeded with a parsimonious and eminently
transferable approach that would merit replication to investigate al-
ternative inputs, outcomes and settings. More speciﬁcally, we also ac-
knowledge that the OAC is a particular type of geodemographic clas-
siﬁcation, being dependent solely on variables from the national
Census. Though Census health variables were helpfully incorporated in
its construction, it does not, as yet, have a bespoke ‘health’ variant si-
milar to, for example, CACI's ACORN Wellbeing product (CACI, 2013,
2017) incorporating multiple health-relevant data sources. The OAC is,
however, an open source product that is freely available with a trans-
parent methodology. We also acknowledge that more recent versions of
both OAC and the deprivation measures are now available; our prin-
ciples and conclusions remain transferrable however, and our focus on
comparisons with the 2011 Census ‘ gold standard’ necessitated our
focus on data that were contemporaneously available with the Census.
Despite these caveats, our study has implications for policy as well
as for the science of small area estimation and health geography. For
the latter, we have pointed to contributions that highlight the case for
including both geodemographic and deprivation measures in small area
estimation and the scope for this inclusion within cross-classiﬁed
models. We have also noted important conclusions about health in-
equality that follow. For policy, the paper demonstrates that the asso-
ciation between health indicators and geodemographic classiﬁcations is
more complex than advocacy of geodemographics may sometimes
suggest. Out research underlines the importance of routinely linking
geodemographic indicators to survey data to enhance small area esti-
mation and other analytical capabilities.
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